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Abstract Recently, the importance of big data analysis is increasing as a large amount of data is generated by various
devices connected to the Internet with the advent of Internet of Things (IoT). Especially, it is necessary to analyze
various large-scale IoT streaming sensor data generated in real time and provide various services through new
meaningful prediction. This paper proposes a real-time indoor PM10 concentration prediction LSTM model based on
streaming data generated from IoT sensor using AWS. We also construct a real-time indoor PM10 concentration
prediction service based on the proposed model. Data used in the paper is streaming data collected from the PM10
IoT sensor for 24 hours. This time series data is converted into sequence data consisting of 30 consecutive values
from time series data for use as input data of LSTM. The LSTM model is learned through a sliding window process
of moving to the immediately adjacent dataset. In order to improve the performance of the model, incremental learning
method is applied to the streaming data collected every 24 hours. The linear regression and recurrent neural networks
(RNN) models are compared to evaluate the performance of LSTM model. Experimental results show that the
proposed LSTM prediction model has 700% improvement over linear regression and 140% improvement over RNN

model for its performance level.
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Table 1. LSTM_with peepholes Parameter Settings:
sliding_ window=30, window_shift=1

Index Hidden Ba}tch Epoch MSE RMSE
node Size
1 300 30 30 4.49 2.01
2 300 30 50 5.42 2.26
3 300 30 70 11.70 3.15
4 300 30 90 6.67 2.50
5 300 30 110 7.93 2.75
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Index | Hidden | Batch ) p 1 MsE | RMSE
node Size

1 100 30 30 578 238

2 200 30 30 13.30 3.57

3 200 7 30 12.10 3.18

4 300 30 30 449 2.01

5 300 7 30 35.00 5.54
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Table 2. Model Evaluation

MSE RMSE
Linear Regression 232.68 14.32
RNN 9.92 2.88
LSTM(Adam) 5.01 2.17
LSTM_with_peepholes(Adam) 4.49 2.01
GRU 7.86 2.65
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